To mitigate global warming, the Chinese government has successively set carbon intensity targets for 2020 and 2030. Energy restructuring is critical for achieving these targets. In this paper, a combined forecasting model is utilized to predict primary energy consumption in China. Subsequently, the Markov model and non-linear programming model are used to forecast China's energy structure in 2020 and 2030 in three scenarios. Carbon intensities were forecasted by combining primary energy consumption, energy structure and economic forecasting. Finally, this paper analyzes the contribution potential of energy structure optimization in each scenario. Our main research conclusions are that in 2020, the optimal energy structure will enable China to achieve its carbon intensity target under the conditions of the unconstrained scenario, policy-constrained scenario and minimum external costs of carbon emissions scenario. Under the three scenarios, the carbon intensity will decrease by 42.39%, 43.74%, and 42.67%, respectively, relative to 2005 levels. However, in 2030, energy structure optimization cannot fully achieve China's carbon intensity target under any of the three scenarios. It is necessary to undertake other types of energy-saving emission reduction measures. Thus, our paper concludes with some policy suggestions to further mitigate China's carbon intensities.
Introduction
As the greenhouse effect continues to increase on a global scale, the warming climate has become a universal challenge facing modern human society [1] . In recent years, as China's economy has continued to develop, its energy consumption and carbon emissions have also risen. In 2007, China's total carbon emissions surpassed those of the United States, making China the world's largest carbon emitter [2] . At present, China's carbon emissions account for approximately one-quarter of the total global carbon emissions, and the country's participation in climate change mitigation actions is essential [3] . In 2009, the Chinese government made a commitment at the Copenhagen Global Climate Conference: by 2020, carbon dioxide emissions per unit of gross domestic product (GDP) in China will decrease by 40-45% compared to 2005 levels [4] . In 2015, China submitted a UN self-determination document on climate change. By 2030, the country intends to reduce carbon dioxide emissions per unit (1) First, this paper predicts the primary energy consumption based on a combined forecast model. A primary energy consumption forecast is the basis for a prediction of the energy structure. In this paper, to determine the characteristics of a time series of primary energy consumption that are affected by numerous factors, the gray prediction model and the generalized regression neural network (GRNN) model are combined to predict energy consumption. The gray prediction model predicts future energy consumption based on historical changes, and the exogenous variables considered by this model have less impact. To compensate for defects in the gray prediction model, the GRNN model is introduced. The influencing factors of primary energy consumption are selected as the input layer variables for the GRNN model, and the prediction results are achieved by predicting the input variables. Then, gray relational analysis is used to empower the gray prediction model and GRNN model, and finally, the combined forecasting result is obtained.
Compared to the distinct forecasting model, the combined model synthesizes more factors that affect the dependent variable, the forecasting accuracy is higher, and the forecasting result is more closely aligned with reality. (2) Second, this paper considers energy structure optimization in three scenarios: a natural evolution scenario, a policy planning scenario, and a cost perspective scenario. Firstly, according to the characteristics of China's energy consumption structure, the Markov model is used to predict the natural evolution of the energy consumption structure, and the forecast result is set as an unconstrained scenario. In addition, combined with the energy development plan formulated by the state, the energy structure should be adjusted accordingly to set the situation as a policy-constrained scenario. Finally, from the cost perspective, the minimum external cost of carbon emissions is used as the decision-making target, non-linear programming is performed, and the forecast result for the energy structure is obtained as the minimum cost scenario. Applying different scenarios is conducive to a more comprehensive understanding of future changes in China's energy structure. (3) Third, this paper combines China's carbon intensity targets for 2020 and 2030 for analysis.
The existing research focuses mainly on the target of a 40-45% reduction of carbon intensity by 2020 and less on the goal of a 60-65% reduction by 2030. This paper combines the carbon intensity targets for 2020 and 2030, and then analyzes the potential for optimizing the energy structure to contribute to achieving the carbon intensity targets in order to explore the possibility of reaching the targets in 2020 and 2030; finally, the paper presents several reference suggestions. 
Model Purpose Advantages Shortcomings

ARIMA model
Forecast energy consumption and greenhouse gas (GHG) emissions for a pig iron manufacturing organization in India.
ARIMA is quite suitable for short-term forecasting.
The model requires a long data series.
Non-linear gray model Forecast carbon emissions.
(1). Evaluates the non-linear effects of economic growth on carbon emissions in the model. (2) . This model can analyze the effect of multiple influencing factor variables on the behavior of the system.
After the model is improved, the newly added power exponents are unknown. There are difficulties in estimating these parameters.
Artificial neural networks model Forecast carbon emissions. ANNs are adaptable for optimization and adaptive methods and are computationally efficient.
For some complex systems, artificial neural network prediction results may have considerable errors.
Hybrid model
Use the technology-rich integrated assessment (MESSAGE) model, and a combination of bottom-up models to forecast carbon emissions.
(1). The carbon emission index selected by this model is more concentrated. (2) . The model can better describe the overall demand-side uncertainties owing to structural and methodological differences between top-down and bottom-up approaches.
The model does not consider feedback with respect to price-induced changes in energy supply from a detailed energy demand outlook.
Nonparametric metafrontier approach
Forecast carbon emissions. The model takes into consideration the technology gap among China's regions.
This model does not consider any statistical noise.
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Based on the above discussions, this paper first uses the GM (1, 1) model and GRNN model to predict China's primary energy consumption separately, and then a gray relational analysis is used to empower the GM (1, 1) model and GRNN model to obtain the forecasting results of the combined model. Secondly, the evolution of energy structure is divided into "Unconstrained scenario", "Policy-constrained scenario", and "Minimum external costs of carbon emissions scenario" to study the future changes in China's energy structure. Finally, according to the predicted results of energy consumption and structure, China's carbon emissions, and carbon intensity results for 2020 and 2030 are calculated for further analysis. The research process of this paper is shown in Figure 1 .
The remainder of this paper is organized as follows. Section 2 discusses the model theory. Section 3 analyzes the forecast results for primary energy consumption. Section 4 analyzes the optimization results of the energy structure in different situations. Section 5 explores the potential contribution of optimizing the energy structure to achieving the carbon intensity targets under different scenarios. Section 6 presents the main conclusions and policy suggestions. Based on the above discussions, this paper first uses the GM (1, 1) model and GRNN model to predict China's primary energy consumption separately, and then a gray relational analysis is used to empower the GM (1, 1) model and GRNN model to obtain the forecasting results of the combined model. Secondly, the evolution of energy structure is divided into "Unconstrained scenario", "Policy-constrained scenario", and "Minimum external costs of carbon emissions scenario" to study the future changes in China's energy structure. Finally, according to the predicted results of energy consumption and structure, China's carbon emissions, and carbon intensity results for 2020 and 2030 are calculated for further analysis. The research process of this paper is shown in Figure 1 .
The remainder of this paper is organized as follows. Section 2 discusses the model theory. Section 3 analyzes the forecast results for primary energy consumption. Section 4 analyzes the optimization results of the energy structure in different situations. Section 5 explores the potential contribution of optimizing the energy structure to achieving the carbon intensity targets under different scenarios. Section 6 presents the main conclusions and policy suggestions. 
Materials and Methods
Forecast Models for Energy Consumption in China
Model I: Gray Prediction Model
Since the advent of gray system theory, remarkable achievements have been accomplished in predictions regarding military systems, social systems, ecosystems, and commercial systems [35, 36] . According to the gray system theory, useful information is extracted from the gray comprehensive sequence in the annual energy consumption time series to predict the future demand for energy consumption. Based on data availability, this paper selects primary energy consumption data [37] from 1953 to 2016 to predict the primary energy consumption in China for 2017 to 2030.
Step 1: Pre-process the primary energy consumption data. We assume that the sequence of primary energy consumption Y (0) from 1953 to 2016 is as follows, Equation (1):
To weaken the randomness in the original sequence, prior to the establishment of the gray prediction model, the data for primary energy consumption sequences from 1953 to 2016 is processed, and the cumulative generation, Equation (2) , is used to generate a cumulative generated column Y (1) :
Step 2: Establish the gray differential, Equation (4):
Step 3: Determine the values of parameters a and b, according to Equation (5):
After obtaining the cumulative generated column Y (1) , according to the available matrices B and X N knowing that B T B is a symmetric matrix, the original time series Y (0) and cumulatively generated column Y (1) are entered into Equation (5) using the least squares method to obtain the values of parameter a and parameter b.
According to the above method, the primary energy consumption data from 1953 to 2016 are entered to obtain the gray differential Equation (6):
Step 4: Predict the primary energy consumption for 2017-2030 according to Equation (7):
Step 5: Test the residuals of the forecast data and examine the accuracy of the forecast data. The model fitting valueŶ (0) for primary energy consumption in China from 1953 to 2016 is obtained based on the predictive value reduction formula. From the original sequence Y(0) and predicted sequenceŶ (0) , the prediction data are tested for residuals and accuracy. The absolute error (AE), mean absolute error (MAE) and mean absolute percentage error (MAPE) of the prediction result are obtained from Equations (8), (9) and (10), respectively:
The standard deviation of the predicted value S 1 and standard deviation of sample S 2 are calculated in Equations (11) and (12), respectively. The posterior difference ratio C can be calculated as stated in Equation (13) . According to the principle of the posterior difference test, as the posterior difference ratio decreases, the predicting effect improves:
The correctness of using this model can be judged by observing the average relative error and posterior difference ratio.
Model II: Generalized Regression Neural Network
It is well-known that primary energy consumption is affected by many factors and that the system is complicated. A study of historical data shows that the sample is relatively small and presents a non-linear trend of development. GRNN is a general nonparametric regression model, which is a branch of the Radial Basis Function (RBF) neural network [38] , and has a strong nonlinear mapping ability and flexible network structure, as well as a high degree of fault tolerance and robustness [39, 40] . Therefore, in order to obtain a higher prediction accuracy, we apply GRNN to conduct the primary energy consumption forecasting.
Supposing the joint probability density functions of random variables x and y is f (x, y), and the observed value of variable x is X, then the regression of y to x, that is, the conditional mean, is shown in Equation (14) 
The unknown probability density function f (x, y) can be estimated from the sample observations x and y, and the non-parametric estimation Equation (15) is as follows:
where X i and Y i are the sample observations of variables x i and y i , σ is the kernel width, n is the number of samples, and m is the dimension of variable x. Substitutingf (X, Y) with f (x, y), exchange integrals and summation order, the estimated value is obtained from Equation (16):
where the estimated valueŶ(X) is the weighted average of all sample observations Y i , and the weighting factor for each observation Y i is the index of the Euclidean distance squared between the corresponding samples X i and X. The GRNN network structure consists of four layers: the input layer, pattern layer, summation layer, and output layer. The corresponding network input is X = [x 1 , x 2 , . . . , x m ]
T , and the output is
(
1) Input layer
The number of neurons in the input layer is equivalent to the dimensions of the input vector in the learning sample. Each neuron is a simple distribution unit that directly passes input variables to the pattern layer. For the analysis of the influencing factors of primary energy consumption, the energy price, population, GDP, household consumption level, industrial energy consumption, and industrial added value are selected as the input variables of the network; that is, the number of neurons in the input layer is six. Table 2 provides the detailed economic implications of these variables. Table 2 . The variables of the input layer.
Input
Economic Implications
Energy price
This variable is the most crucial factor for determining energy demand. Due to the lack of an energy price index, this paper uses the coal price to represent this index because coal is China's foremost consumer energy source, accounting for 60-70% of energy consumption, and the price of coal is more market-oriented.
Population
Energy is the fundamental material on which human beings depend for survival. Both energy production activities and energy consumption activities are intended to meet human needs. Studies such as those of Liu et al. [41] and Guo et al. [42] showed that population is a significant factor affecting energy demand.
GDP
This variable reflects a country's income level, which is a fundamental factor in determining energy demand. Lin et al. [43] and He et al. [44] showed that there is a significant positive correlation between energy demand and GDP.
Household consumption level
Household energy consumption includes two categories: direct and indirect consumption; that is, energy will be directly consumed during residential life and indirectly consumed by producing various goods and services. Residents' rising consumption level will increase not only the direct energy consumption but also the indirect energy consumption.
Energy consumption in the industrial sector
China's industrialization is in the mid-to-late stage. Studies have demonstrated that primary energy consumption in the industrial sector accounts for more than 70% of the total primary energy consumption in China [45] .
Industrial added value
In the process of industrialization, the output values of the manufacturing industry and secondary industry have been continuously increasing, and the changes reflect the adjustment of the industrial structure, which is a basic factor affecting the energy demand. The data for all the input layer variables proposed above come from the China Statistical Yearbook [46] and the China Economic Net Statistics Database [37] . Since the energy consumption data from the industrial sector date back to 1980 at the earliest, the historical data for the previous period is missing; thus, the above six variables range from 1980 to 2016.
(2) Pattern layer
The number of neurons in the pattern layer is equal to the number of learning samples. Here, the number of neurons in the pattern layer is six, and each neuron in the input layer corresponds to a different sample. The transfer function of the neurons x i (i = 1, . . . , 6) is show in Equation (17):
where the output of a neuron x i is an exponential form of the square of the Euclidean distance between the input variable X and its corresponding sample X i .
(3) Summation layer
The summation layer is divided into two types of neuron summing: one is
]; this expression is arithmetic summation of the output of all the pattern layer neurons, which has a connection weight of 1 with each pattern layer neuron, and the transfer function 
(4) Output layer
The number of neurons in the output layer is equal to the number of dimensions of the output vector k in the learning sample; each neuron divides the output of the summation layer to obtain the output of the j-th neuron y j through Equation (18):
2.1.3. Combined Forecasting Model of China's Energy Consumption Based on the Gray Relation Degree
Since the introduction of the combined forecasting model in 1969, it has been a popular topic in the field of forecasting both domestically and internationally [47] . The traditional single model prediction process has many shortcomings, such as the single structure of the forecast, limited information sources, incomplete factors, and the sensitive model setting. However, the combined forecasting model can comprehensively utilize the information provided by each individual model, collect the advantages of the individual models, enrich the model structure, and ultimately use the weighted average method to obtain the result of the combined forecasting model to improve the fitting accuracy and forecasting ability; therefore, the forecasting method is more effective.
Based on the predictions of primary energy consumption in China for 2017 to 2030 through the gray prediction model and the GRNN model, respectively, this paper uses the gray relational method to allocate the weights of the two models to construct the combined forecasting model.
Step 1: Preprocess the data. To eliminate the order of the magnitude difference between each set of dimension data and avoid the error of the order of magnitude being too large, according to Equation (19) , the real value sequence, the gray forecast value sequence and GRNN predictive value sequence are processed and converted into values between [0, 1]:
Step 2: Calculate the gray relational degree between the reference sequence and the real value sequence.
Setting the actual value of primary energy consumption as {x t , t = 1, 2, . . . , N}, there is the gray prediction model and GRNN forecasting, which are two single forecasting models for predicting primary energy consumption, where x 1t is the forecast value corresponding to the gray prediction model at time t and x 2t is the forecast value corresponding to the GRNN forecast model at time t.
In Equation (20), ξ 0i represents the gray correlation degree between the predicted value sequence {x it , t = 1, 2, . . . , N} of the i-th single-item prediction method and the real value sequence {x t , t = 1, 2, . . . , N}, as the gray correlation degree of the i-th single forecasting method. Here, e it represents the prediction error of the i-th prediction model at time t. ρ ∈ (0, 1) is the resolution coefficient, which usually takes the value ρ = 0.5. According to Equation (20) , the gray relational degree between the gray prediction sequence and real value sequence ξ 01 and the gray relational degree between the GRNN prediction sequence and real value sequence ξ 02 can be calculated separately.
Therefore, we can calculate the weight of the gray prediction model, and the weight of the GRNN prediction model according to Equation (22) .
According to the definition of gray relational degree, ξ 0i ∈ [0, 1]. The accuracy of the prediction is accurate only when there is a gray correlation degree of 1 between them.
Step 3: Generate a combined forecast of primary energy consumption in China. The combined predicted value of primary energy consumption at time t is given by Equation (23):
In Equation (23), l 1 is the weighted coefficient corresponding to the predicted value of the gray prediction model, l 2 is the weighting coefficient corresponding to the prediction value of the GRNN prediction model, which satisfies l 1 + l 2 = 1; Equation (23) shows that inequality (24) holds:
Let e t be the prediction error of the primary energy consumption at time t from the combined forecasting method, and according to l 1 + l 2 = 1, Equation (25) is as follows: Letting ξ be the gray relational degree of the combined forecasting method, then the gray relational degree of the combined forecasting is given by Equation (26):
In Equation (26), the gray relational degree ξ of the combined forecasting method is a function of the weighting coefficient L = (l 1 , l 2 ) of each single forecasting model, so that ξ can be denoted as ξ(L).
According to the gray relational theory, as the gray relational degree of the combined forecasting method increases, the combined forecasting model is more effective. If ξ < ξ min , the combined forecasting model is considered inferior forecasting; if ξ min ≤ ξ ≤ ξ max , the combined forecasting model is referred to as non-inferior combination forecasting; and if ξ > ξ max , the combined forecasting model is the optimal combined forecasting model.
Construction of the Forecast Model for Energy Consumption Structure in China
Energy Structure Prediction Based on the Markov Model
The evolution of primary energy consumption structure has its own changes and development laws. This evolutionary law provides the basis for our study of the future energy consumption structure. The main methods for predicting the energy consumption structure in existing research include the Markov forecasting model, and the energy and environment comprehensive policy evaluation model (Integrated Assessment Model, IAM model) [48] . Taking into account that the IAM model involves many factors, the data are not easy to obtain, the model is not generally suitable for cooperative research and development groups, and an individual research model is very difficult to establish. This paper uses the Markov forecasting model to predict the future energy consumption structure in China.
Step 1: Build a Markov model that predicts the primary energy consumption structure.
A represents the total primary energy consumption; for simplicity, it can be divided into four types of energy sources: coal, oil, natural gas and clean energy (water, nuclear, and wind electricity, etc.). At time n, the vector of the primary energy consumption structure is
, and S e (n) represent the shares of coal, oil, natural gas and clean energy, respectively, in the total primary energy consumption; the sum of their proportions is 1. We assume that the one-step transition probability matrix of the energy consumption structure from time n to time n + 1 is:
In the probability matrix, every element is a positive number less than 1, and the sum of the probabilities in each row is always equal to 1. Here, the elements are classified according to the characteristics of the elements in the probability matrix.
First, the main diagonal elements of the matrix P(n) are classified as the first category, referred to as the "retention probability elements." These elements represent the probability that various types of energy consumption continue to maintain the original ratio (for example:P c→c (n) represents the probability that coal consumption will continue to maintain the original ratio from time n to time n + 1). Second, the main diagonal line elements are classified as the second category, referred to as the "transition probability elements." These elements represent the proportion of such energy consumption to other types of energy consumption in terms of the transfer probability (for example: P c→o (n) represents the probability that the ratio of coal consumption to oil consumption transfers from time n to time n + 1). Third, the column elements outside the main diagonal are classified as the third category, referred to as the "absorption probability elements." These elements represent the probable proportion of such energy consumption absorption of other types of energy consumption (for example, P o→c (n) represents the probability that the percentage of coal consumption absorbs the oil consumption ratio from time n to time n + 1).
Step 2: Determine the average transition probability matrix P.
To predict the future energy consumption structure, we must find the average transfer probability matrix based on the existing energy consumption structure. The specific procedure is as follows: first, calculate the primary transition probability matrix of the energy consumption structure in each year, and then average the transition matrix to obtain the average transition probability matrix.
Supposing that from the initial moment to moment m, the transition probability matrix for each step of the energy consumption structure is P(1), P(2), · · · , P(m), then the average transfer probability matrix is
1/m . According to the average transfer probability matrix P, the structure of primary energy consumption at the time n + m can be predicted by Equation (28):
Step 3: Determine the transition probability matrix for each step P(n). To determine the average transition probability matrix P, the key lies in how to determine a transition probability matrix of the energy consumption structure P(n). This paper uses the following four steps to calculate the value for each element in the matrix P(n):
(I) Calculate the retention probability elements. If from time n to n + 1, the proportion of energy consumption increases, the retention probability of this energy in the transition probability matrix is 1; if the proportion decreases, the retention probability is equal to the ratio of time n + 1 to time n. (II) Calculate the transition probability in the rows in which the element with a retention probability of 1 is located. If the retention probability of a row is 1, there is no possibility of transferring energy to other types of energy, and the sum of the elements in each row of the transition probability matrix has been set equal to 1; therefore, the probability of a row transition probability element is zero. (III) Calculate the probability of absorption in the columns where the element with a retention probability of less than 1 is located. If the retention probability of a column is less than 1, the percentage of energy consumption represented by the column is reduced. There is no possibility for such energy consumption to absorb other types of energy. Therefore, the probability of absorption for this column is zero. (IV) Calculate the nonzero transition probability in the rows in which the element with a retention probability of less than 1 is located. The retention probability of energy corresponding to a row of elements is less than 1, indicating the transfer of such energy consumption to other types of energy consumption from n to n + 1. Using coal as an example, if P c→c (n) is less than 1, the proportion of coal consumption decreases from n to n + 1, and the transfer of coal consumption to the other three types of energy consumption occurs. The probability of coal consumption shifting to oil consumption, natural gas consumption, and clean energy consumption can be calculated according to Equations (29)- (31), respectively:
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For other types of energy retention probabilities less than 1, based on the same principle, we can calculate the non-zero transition probabilities of such energy sources.
Based on the above steps, the transition probability matrix of the energy consumption structure from the initial moment to the moment m is obtained as P(1), P(2), · · · , P(m), the average transfer probability matrix P can be obtained, and then Equation (28) can be used to predict the future energy consumption structure.
Energy Structure Prediction Model Based on the External Cost Minimization of Carbon Emissions
In this section, we optimize the structure of energy consumption with the goal of minimizing the external costs of carbon emissions. Research has established that the factors of various types of energy carbon emissions are different, and the amount of carbon dioxide released by different types of energy combustion per unit mass is discrete, so that the external costs of carbon emissions consumed are not equal. Studies [49] have shown that external emissions of carbon dioxide cost approximately 20 dollars/ton, which, according to the current exchange rate, converts into 129.21 RMB/ton. Carbon emission factors of coal, oil and natural gas are 0.7476, 0.5825, and 0.4435, respectively. Burning a ton of carbon in oxygen releases five tons of carbon dioxide. Thus, the external CO 2 emission costs for various energy sources are shown in Table 3 : We set the coal consumption x 1 at ten thousand tons, oil consumption x 2 at ten thousand tons, natural gas consumption x 3 at ten thousand tons, and the renewable energy consumption x 4 at ten thousand tons. According to the above analysis, the objective function f (x) is set as follows:
Carbon Intensity = Total CO 2 emission GDP
According to China's energy long-term development strategy research and the 13th Five-Year Plan, the following constraints are set:
(1) Primary energy consumption is not greater than the predicted value:
(2) The total amount of CO 2 emissions is within the forecast range, where µ i represents the corresponding emission factor of different types of energy:
(3) Various types of future energy structure changes in China are set in Table 4 : (4) All types of energy are not less than zero:
(5) Of all types of energy, only coal, oil, and natural gas are considered to generate carbon dioxide during combustion, while clean energy releases very little carbon dioxide, which is not taken into account.
According to the above objective function and constraints, a non-linear programming model is constructed, and the relevant software is used to obtain the energy structure optimization results.
China's Energy Consumption Forecast Results
Result Analysis Based on the GM (1, 1) Model
This section uses MATLAB2017a (MathWorks, Natick, MA, USA) to realize the GM (1, 1) model, of which the MAPE is 0.0692, the residual standard deviation is 13971.35, actual standard deviation is 128779.08, and the posterior difference C calculated by Equation (15) is 0.1085, C < 0.35, which shows that the constructed gray forecasting model has a better forecasting effect. In addition, the probability of small residuals is calculated as P is 1, which shows that the model has a high goodness of fit and is suitable for predicting primary energy consumption in China. Table 5 shows the forecasting results for the future energy consumption of China. The primary energy consumption forecast for 2017 will be 4815 million tons of standard coal, reaching 5786 million tons of standard coal in 2020 and 10,070 million tons of standard coal in 2030. This prediction shows that China's energy consumption for the future is high, but the prediction error of the gray prediction model is small and the accuracy is high, so the model itself is not a problem. The reason for the high forecast result is that the sample data predicted by this model are sourced from the primary energy consumption data for China from 1953 to 2016. This stage represents the process of China shifting from being a largely agricultural country to being a mature industrial country. The consumption of energy each year is considerable, with a high annual growth rate. This trend is further extended, resulting in a high growth rate of the predicted model values, which directly leads to a prediction of high energy consumption. The gray model is commonly used for short-term forecasting [50] . Therefore, it is reasonable to predict the economic variables through the gray model to supplement the later forecast data.
Result Analysis Based on the GRNN Model
In this paper, through cross-validation, the neural network is continuously trained and tested. When the radial basis function expansion speed is set to 0.56, the network error RMSE is the lowest and the function approximation is the best. Therefore, a smoothing factor of 0.56 was determined. The GRNN model was constructed, and the predicted values were inversely normalized to obtain the primary energy consumption forecast results. The MAPE for the forecast of primary energy consumption in the GRNN model from 1980 to 2016 is calculated as 0.0618. The goodness of fit of the model is high, so the model is suitable for the prediction of primary energy consumption in China.
In the following steps, the forecast variables of China are entered into the GRNN neural network by predicting the explanatory variables in turn, and the forecast is obtained for primary energy consumption in China from 2017 to 2030.
(1) The change in the energy price is a stochastic process. The mechanism of this change is complicated and affected by a combination of multiple factors. Therefore, for the trend forecast of energy price changes, we cannot simply assume that it changes at a fixed rate but rather use a measurement model for prediction. In this paper, we choose the ex-factory price index for coal as an alternative variable for energy price and predict the future price index through the ARIMA (2, 1, 2) model combined with the changing trend of the price index itself.
ARIMA (p, d, q) is a common and effective forecasting model that is widely used in time series forecasting [51] . In the model, p and q represent the order of autoregressive and moving average processes, respectively, and d is the degree of differencing. Through the Augmented Dickey-Fuller (ADF) test, the results showed that the original series is non-stationary (p-value = 0.1019). After taking the natural logarithm and performing a first-order difference, it becomes stationary (p-value = 0.000), so set d to 1. According to the autocorrelation graph (ACF) and the partial autocorrelation graph (PACF), there is no significant seasonal trend. To determine p and q, Akaike's information criteria (AIC) criterion was applied here. Through comparing the values of AIC, ARIMA (2, 1, 2) model is the best, with the smallest AIC of −2.7517, and the MAPE is 4.006%, which indicates the model's strong forecasting ability.
(2) The natural population growth rate in China has been declining since 1978. Building on recent literature regarding future population growth trends in China, this paper refers to the forecast results from the National Development Plan 2016-2030 [52] and predicts that in 2017, the total population will reach approximately 1.404 billion. By 2020, the total population will be 1.42 billion, and by 2030, it will reach 1.45 billion.
(3) With regard to the growth forecast for China's economy, combined with current researchers' studies [53] [54] [55] , the commonly held view among experts is that from 1990 to 2010, China's economy will have grown at a very high rate, while it will grow at a medium rate from 2010 to 2030 and a low rate from 2030 to 2050. Therefore, China's future economic growth will occur at a 6.5% annual growth rate from 2011 to 2020 and at a 5.5% annual growth rate from 2021 to 2030, from which the total amount of China's GDP for 2017-2030 can be predicted.
(4) Residents' consumption levels are directly related to economic growth. Based on the research by Wang et al. [56] , this paper predicts that there is a co-integration relationship between GDP and residents' consumption level; for every 1% increase in GDP, the consumer price index will increase by 0.679%. According to this co-integration relationship, the annual growth rate of consumer spending for 2011-2020 can be calculated as 4.41% and that for 2021-2030 as 3.735%.
(5) For the prediction of energy consumption in the industrial sector, this article refers to the method from the China Energy Economics Research Center at Xiamen University [57] , and according to the historical trend for industrial energy efficiency, the industrial energy efficiency growth rate is set at 3% in 2010, decreasing by 0.5% every five years thereafter. Therefore, the industrial energy efficiency growth rate is 2% for 2016-2020, 1.5% for 2020-2025, and 1% for 2026-2030. From the ratio of industrial energy efficiency equal to the ratio of added value for the energy consumption of the industrial sector, the predicted value of the energy consumption for the industrial sector can be calculated.
(6) Chen's [58] research showed that the average annual growth rate of China's industrial added value as a portion of GDP was 0.4% beginning in the Ninth Five-Year Plan period. This article draws on this static calculation method, considering the recession of growth, which sets the annual average growth rate of industrial added value as a share of GDP for 2011-2020 as 0.3% and presents the annual average growth rate of 0.2% for 2021-2030.
From this process, we can calculate the forecast value for industrial added value from 2017 to 2030. According to the above settings, the predicted values for the six explanatory variables are entered into the trained generalized regression neural network as the network input layer to predict the primary energy consumption for 2017-2030 in China. The results are shown in Table 5 .
Result Analysis Based on the Combined Forecasting Model
The forecast processes for primary energy consumption in China in 2020 and 2030 are shown in Figure 2 . China's primary energy consumption is predicted through the GM (1, 1) model and the GRNN model to obtain the predicted values x 1t and x 2t , and the gray relational method is used to calculate the corresponding weights l 1t and l 2t in the individual models. According to Equation (25), we can obtain the predicted value of a combined model for primary energy consumption at time t.
Due to the GRNN model, the data for the original variables in the input layer can be traced back to 1980 at the earliest. To improve the prediction accuracy of the model, the forecast values for primary energy consumption in the GM (1, 1) model and GRNN model from 1980 to 2016 are selected as the reference sequences and the gray relational degrees of the two reference sequences and original sequence are calculated, respectively. The gray relational degree of the GM (1, 1) model is calculated as l 1 = 0.7165, and the gray relational degree of the GRNN model is l 2 = 0.7281. Thus, the results of the combined forecasting are shown in Table 5 .
The gray relational degree of the combined forecasting model ξ is 0.7368, and according to ξ > ξ 02 > ξ 01 , the combined forecasting model is considered the optimal combined forecasting model. Among the models, the MAPE of the GM (1, 1) model is 6.92%, and the MAPE of the GRNN model is 6.18%, while the MAPE of the combined forecasting model is 5.87%, the prediction accuracy is improved, and the combined forecasting method is superior to the single prediction method. Therefore, this paper uses the combined forecasting method to predict China's primary energy consumption from 2017 to 2030. Table 5 shows the forecasting results of China's primary energy consumption in 2017-2030 under the GM (1, 1) model, the GRNN model and the combined model, respectively. It can be seen that the prediction results of GM (1, 1) model have a fast growth rate, while the prediction results of GRNN model are more robust. The forecasting results of the two models are relatively close in 2017. However, the differences between the predicted values of the two models become larger and larger. By 2030, the forecasting value of GM (1, 1) model is nearly two times more than that of GRNN model. The results are mainly determined by the characteristics of each model. The GM (1, 1) model has the advantages of small sample size, less parameter requirements, and simple calculation, etc. However, the GM (1, 1) model is more suitable for a smooth data sequence with exponential change, but for data with a jumping nature or a rapidly changing speed, the forecasting accuracy is not high [59] . The GRNN model has a strong nonlinear mapping ability and learning speed. The neural network usually converges to the optimal regression with large sample size aggregation, which is suitable for processing unstable data and lone-term prediction. However, the model often has high requirements on sample quantity and quality [60] . In view of the characteristics of the GM (1, 1) model and the GRNN model, this paper uses the combined model to forecast the energy consumption, so as to better make up for the defects of each model and to improve the prediction accuracy. According to Figure 2 , the fitting of the original data shows that the MAPE under the combined model is smaller than that of the GM (1, 1) model and the GRNN model, which indicates that the prediction accuracy of the combined model proposed in this paper is improved compared with the traditional single forecasting model.
As shown in Table 5 and predicted with the combined forecasting model, China's primary energy consumption in 2020 will reach 5.06 billion tce, and the primary energy consumption in 2030 will reach 7.54 billion tce. Furthermore, the forecasting results of this study are compared with those of other studies, which are shown in Appendix B. In this paper, the forecasting result for 2020 is close to that of British Petroleum (BP), and the forecasting result for 2030 is close to the high economic growth scenario of the Energy Information Administration (EIA). The predictions of 2020 and 2030 are both less than that of the South Korea Scenario and the Baseline Scenario, which implies that the prediction results of those two scenarios may be high. The comparison further proves that our results are robust and reliable. combined model is smaller than that of the GM (1, 1) model and the GRNN model, which indicates that the prediction accuracy of the combined model proposed in this paper is improved compared with the traditional single forecasting model. 
China's Energy Consumption Structure Forecast Results
Different Scenario Settings (1) Unconstrained Scenario (UCS)
The unconstrained scenario (UCS) is the scenario in which no specific measures are taken to reduce carbon intensity. At present, China is in the process of building a prosperous society in a comprehensive way. Industrialization is in a transition period, and it is heavily dependent on energy consumption. The coal-dominated energy consumption structure exerts tremendous ecological pressure on the environment. In recent years, due to the state's support and technological progress, the proportion of coal consumption has been gradually declining, the proportion of renewable energy consumption has been gradually rising, and the energy consumption structure has been gradually improving. This paper sets the unconstrained energy structure optimization scenario as a reference, which does not consider the national development plan and predicts the future development trend based on the natural evolution law, followed by the energy structure change.
(2) Policy-Constrained Scenario (PCS)
The policy-constrained scenario (PCS) is the scenario that optimizes the energy consumption structure according to energy policies. For a long time, China's primary energy consumption consisted of nearly 70% coal. To ease the pressure on carbon emissions, China launched the 13th Five-Year Plan in 2017 to clarify the guiding ideology, the basic principles, and the development goals for energy development. The plan proposes that non-fossil fuels account for 15% of primary energy consumption by 2020, the proportion of natural gas consumption reaches 10%, the proportion of coal is less than 62%, and that non-fossil fuels account for 20% of primary energy consumption by 2030. This paper sets this scenario, combined with the above energy development plan, as the policy-constrained scenario, and predicts the future energy consumption structure according to China's energy planning.
(3) Minimum external costs of carbon emissions scenario (MCS)
The minimum external costs of carbon emissions scenario (MCS) is a scenario that optimizes the energy structure with the objective of minimizing external costs. Given that carbon dioxide is the primary greenhouse gas, the external discharge of carbon dioxide has a negative impact on the environment and generates a certain cost. Therefore, from the cost perspective, this paper applies a minimum external cost of the carbon emissions scenario, which sets the minimum cost as the goal, determines the constraint conditions according to national energy policy planning, and constructs a non-linear programming model. By generating the non-linear programming model, we can obtain the results of energy structure optimization in this scenario.
Energy Structure Forecast Results
Based on the above three scenario settings, the energy structures in different scenarios are calculated separately.
(1) Energy structure prediction under the unconstrained scenario In this paper, the energy structure is predicted with the Markov forecasting model. The energy structure variables from 2008 to 2015 are selected to calculate the average transfer probability matrix P (Appendix C).
Given the primary energy consumption structure and the average transition probability matrix P, we predict the energy consumption structure in the unconstrained scenario. Combined with the prediction for GDP and the total primary energy consumption (Table 5) , we obtain the forecast results for the total energy consumption and the prediction of various types of energy in the future. The results are shown in Table 6 .
In the unconstrained scenario, non-fossil energy will account for 14.1579% of the total energy consumption in 2020, natural gas will account for 7.57% in 2020, and non-fossil fuels will account for 17.4589% in 2030; these figures still lag behind the goals set in the 13th Five-Year Plan. Therefore, the energy structure under the policy-constrained scenario is adjusted as follows.
(2) Energy Structure Prediction under the Policy-Constrained Scenario
At present, coal accounts for the highest proportion of primary energy consumption in China. Compared to other energy sources, coal has low calorific value and high carbon emissions per unit. One of the principal ways to optimize energy structure is to reduce the proportion of coal and increase the proportion of renewable energy. Therefore, this paper assumes that in the future energy structure, the proportion of oil consumption will continue the same trend of adjustment. The increased ratio of clean energy and natural gas will be supplemented by a decrease in the coal proportion. Based on the above assumptions, the energy consumption structure optimization results can be calculated under the policy-constrained scenario. Table 6 shows that in this scenario, the primary energy consumption structure in 2020 will be 55.80% coal, 19.20% oil, 10% natural gas, and 15% clean energy; the primary energy consumption structure in 2030 will be 48.23% coal, 20.93% oil, 10.84% natural gas, and 20% clean energy.
(3) Energy Structure Prediction under the Minimum External Costs of a Carbon Emissions Scenario
From the cost perspective, this paper sets the minimum external cost of carbon emissions as a decision-making goal, and builds a non-linear programming model to predict the primary energy consumption structure. According to the analysis of the objective function and constraints in Section 2.2.2, we obtain the minimum scenario model of carbon emission costs in 2020 and the minimum scenario model of carbon emissions in 2030 (Appendix D). Table 6 shows that the primary energy consumption structure in 2020 is 59% coal, 20% oil, 6% natural gas and 15% clean energy. The primary energy consumption structure in 2030 is 45% coal, 25% oil, 10% natural gas and 20% clean energy. From the total primary energy consumption in China under different scenarios and their structures, the consumption levels of coal, oil, natural gas, and clean energy under various scenarios in 2020 and 2030 are calculated as shown in Figure 3 . From Figure 3 , we can observe the following. (1) In 2030, all types of primary energy consumption in China are higher than primary energy consumption in 2020, indicating that China's energy consumption will increase during this period. (2) In the same year, the coal consumption under the policy-constrained scenario is lower than that in the unconstrained scenario, indicating that at present, the energy consumption structure has a problem with an excessively high proportion of coal consumption. (3) From 2020 to 2030, under the unconstrained scenario, the proportion of coal consumption will decrease, and the proportions of oil, natural gas, following. (1) In 2030, all types of primary energy consumption in China are higher than primary energy consumption in 2020, indicating that China's energy consumption will increase during this period. (2) In the same year, the coal consumption under the policy-constrained scenario is lower than that in the unconstrained scenario, indicating that at present, the energy consumption structure has a problem with an excessively high proportion of coal consumption. (3) From 2020 to 2030, under the unconstrained scenario, the proportion of coal consumption will decrease, and the proportions of oil, natural gas, and clean energy consumption will increase. Thus, China's energy structure has been optimized under natural evolution. 
Contribution Analysis of Energy Structure Optimization to Achieve the Carbon Intensity Targets
In 2005, China's GDP was 4,797.58 billion RMB (1980 constant price). By burning fossil fuel energy sources, the total amount of carbon dioxide emitted was 5.533 million tons, and the carbon intensity was 1.15 kg/RMB.
Based on the energy consumption in Table 6 and Equation (34), the total amount of carbon dioxide emitted from primary energy combustion in each scenario is estimated.
Given the prediction for China's national economy (GDP) in Section 3.2 of this paper and the carbon intensity in each scenario calculated with Equation (35), we can analyze the potential contribution of energy structure optimization to achieving the carbon intensity targets. The results are shown in Table 7 and Figure 4 . 
Given the prediction for China's national economy (GDP) in Section 3.2 of this paper and the carbon intensity in each scenario calculated with Equation (35), we can analyze the potential contribution of energy structure optimization to achieving the carbon intensity targets. The results are shown in Table 7 and Figure 4 . (
1) Carbon Intensity Prediction Results in each Scenario
The carbon intensity prediction results in each scenario are shown in Table 7 . Under natural evolution, the carbon intensity in 2017 is 0.74 kg/RMB. The carbon intensity will decline to 0.66 kg/RMB by 2020 under the unconstrained scenario, a total decrease of 10.81% from 2017, and the carbon intensity will decline to 0.54 kg/RMB by 2030, a total decrease of 27.03% from 2017. Under the policy-constrained scenario, the carbon intensity will decline to 0.65 kg/RMB by 2020, a total decrease of 12.16%, and the carbon intensity will decline to 0.52 kg/RMB in 2030, a total decrease of 29.07%. Additionally, under the minimum external cost scenario, the carbon intensity will decline to 0.66 kg/RMB by 2020, a total decrease of 11.63%. In 2030, the carbon intensity will decline to 0.52 kg/RMB, a total decrease of 29.63%.
(2) Contribution Analysis of Optimizing the Energy Structure to Realize the Carbon Intensity Targets
Based on the results, the contribution potential of optimizing the energy structure that drives the carbon intensity relative to the decrease in 2005, and the goal of achieving carbon intensity, are calculated. The contribution potential refers to the ratio of the decrease of carbon intensity in each energy structure optimization scenario relative to the target of the carbon intensity reduction. The carbon intensity target is deemed to be a range, so that the calculated contribution potential is also a range.
China set the target for carbon intensity to decline using In 2030, the carbon intensity predicted by the unconstrained scenario is 0.54 kg/RMB, which is a decrease of 52.98% from 2005, with a potential contribution of 81.51-88.31% to achieving the carbon intensity target. The carbon intensity of the policy-constrained scenario is 0.52 kg/RMB, which a decrease of 54.61% from 2005, with a potential contribution of 84.01-91.01%. The carbon intensity of the minimum external cost scenario is predicted to be 0.52 kg/RMB, which is 54.57% lower than that of 2005, with a potential contribution of 84.56-91.61%. To achieve the carbon Considering the results from Table 7 , in 2020, the carbon intensity predicted by the unconstrained scenario is 0.66 kg/RMB, a decrease of 42.39% from 2005; the carbon intensity of the policy-constrained scenario is estimated to be 0.65 kg/RMB, a decrease of 43.74% from 2005; and the carbon intensity predicted by the minimum external costs scenario is 0.66 kg/RMB, a decrease of 42.67% from 2005. We can observe that the carbon intensity consequences predicted by the three scenarios are all within the target range; the energy structure optimization achieves 100% of the carbon intensity target in all scenarios, and the carbon intensity target for 2020 can be completely achieved.
In 2030, the carbon intensity predicted by the unconstrained scenario is 0.54 kg/RMB, which is a decrease of 52.98% from 2005, with a potential contribution of 81.51-88.31% to achieving the carbon intensity target. The carbon intensity of the policy-constrained scenario is 0.52 kg/RMB, which a decrease of 54.61% from 2005, with a potential contribution of 84.01-91.01%. The carbon intensity of the minimum external cost scenario is predicted to be 0.52 kg/RMB, which is 54.57% lower than that of 2005, with a potential contribution of 84.56-91.61%. To achieve the carbon intensity target for 2030, the carbon intensity must be reduced to 0.40-0.46 kg/RMB. We can observe that under the three scenarios, all failed to achieve the carbon intensity target of 2030 by relying on energy structure optimization; however, the contribution potential of energy structure optimization is greater than 80%. By further implementing other measures to save energy and reduce emissions, it is very possible to reach the goal of a 60-65% reduction in carbon intensity by 2030.
According to Table 6 , the consumption proportion of natural gas is 10-11%, and that of oil is 20-25% in 2030. The proportion of oil is much higher than that of natural gas. It is known that natural gas is a relatively clean fossil energy. Under the same standard, the CO 2 produced by burning one ton of coal is 30% more than oil, and 70% more than natural gas. That is, natural gas emits the least amount of carbon dioxide when it generates the same amount of heat. According to the results of this paper, the predicted energy structure optimization fails to achieve the carbon intensity target by 2030. Therefore, as an efficient, clean, and high-quality fossil energy, increasing the proportion of natural gas consumption is one of the best choices to optimize the energy structure, improve energy efficiency, and achieve the carbon intensity target [61] . In addition, in the process of achieving energy-saving and emission reduction targets, natural gas has more cost advantages and technological advantages than new clean energy such as wind energy and nuclear energy. It is less restricted by natural conditions such as time and region. Natural gas has great potential in optimizing energy structure. At present, natural gas is a lagging energy in China, and the reason is that the price is on the high side. In the future, it will be necessary for the Chinese government to further strengthen the reform of natural gas price market, to change the situation in which resources such as natural gas exploration, to import channels and bargaining negotiations are highly concentrated in the three state-owned companies, to open up the natural gas market, and to encourage more market institutions to participate in. Higher market-oriented offshore LNG projects can also be used to increase the development and utilization of unconventional natural gas, in order to increase the consumption proportion of natural gas.
Through a comparison of the prediction results for the three energy structure optimization scenarios, the following conclusions are also obtained:
(1) The scenario with the lowest predicted carbon intensity in 2020 is the policy-constrained scenario.
This scenario has the fewest total carbon emissions. Compared with the unconstrained scenario, CO 2 emissions will be reduced by 254.14 million tons in 2020 under the policy-constrained scenario, which is equivalent to 92.71 million tons of standard coal. (2) The scenario with the lowest predicted carbon intensity in 2030 is the minimum external costs of the carbon emissions scenario. This scenario has the least total carbon emissions. Compared with the unconstrained scenario, CO 2 emissions will decrease by 640.607 million tons in 2030, which is equivalent to 233.7 million tons of standard coal. (3) The comparison of different scenarios in the same year shows that the best energy structure optimization effect in 2020 occurs through the policy-constrained scenario. Coal consumption in this scenario accounts for 55.8%. The best energy structure optimization effect in 2030 occurs through the minimum external costs of carbon emissions scenario, in which the coal consumption accounts for 45%. The above two scenarios are the scenarios with the lowest proportion of coal consumption in the same year. The reason for this result is perhaps that, compared with other types of energy, coal has low calorific value and high unit carbon emissions, and it is a poor-quality energy source. These characteristics indicate that reducing the proportion of coal consumption is critical to achieving the carbon intensity targets. (4) The natural evolution of the energy consumption structure in 2020 will achieve the planned target of less than 62% of coal consumption, but it will not meet the target of 10% of natural gas consumption or 15% of non-fossil energy consumption. When the energy consumption structure evolves in 2030, the proportion of natural gas consumption will just reach the 2020 planning goal. Although non-fossil energy consumption accounts for more than 15% of total energy consumption, the target of 20% of consumption has not been achieved. All these scenarios show that China's current energy consumption transformation and upgrading process is slow, and that the goal is still arduous. It is necessary to further increase the energy conversion rate and upgrade energy technologies. (5) Based on the results shown in Table 7 , under the state of sustained economic growth, the carbon intensity in 2020 calculated under the three energy structure optimization scenarios will decrease by 42.39-43.74% compared with 2005, and the carbon intensity target of 2020 can be successfully realized. The calculated carbon intensity in 2030 will decrease by 52.98-54.97% compared with 2005, which is a gap of nearly 10% to achieve the carbon intensity target of 2030. An important reason for this result is that coal is still the most important source of energy consumption in the three scenarios, as shown in Figure 3 . This indicates that the optimization of China's energy structure is not sufficient and needs to be further strengthened. To achieve the carbon intensity target by 2030, China needs to develop renewable energy vigorously, reduce the proportion of coal, replace fossil energy with non-fossil energy, and replace coal with natural gas in fossil energy, so as to promote low-carbon diversification of energy structure and to realize sustainable energy development.
Conclusions and Policy Suggestions
Conclusions
This paper studies China's primary energy consumption structure based on the carbon intensity targets for 2020 and 2030. First, primary energy consumption is predicted with a combined forecasting model. The single forecast is generated using the GM (1, 1) model and GRNN model, and the single model is weighted using the gray relational degree method to obtain the primary energy consumption for 2017-2030. Furthermore, we compare China's primary energy consumption predictions between this study and others, as shown in Appendix B. Second, from the perspectives of natural evolution, policy planning and cost, we set three scenarios to optimize the energy structure and obtain the prediction results. Finally, we analyze the energy structure and its contribution to achieving the carbon intensity targets in each scenario.
According to the above study, we can draw the following conclusions.
(1) The estimated primary energy consumption is 5.06 and 7.54 billion tce in 2020 and 2030, respectively. Combined with the forecasting results of other studies, we can conclude that China's primary energy consumption will continue to grow over the next 14 years. (2) The carbon intensity target for 2020 can be achieved under the unconstrained scenario, policy-constrained scenario and minimum external costs of the carbon emissions scenario; among these scenarios, the predicted carbon intensity decreases the most and the carbon emissions are the lowest under the policy-constrained scenario. (3) The carbon intensity target will almost be attained in 2030 under the optimized energy structure in different scenarios, and so further emission reduction efforts are still required. In 2030, the predicted carbon intensity will decrease the most under the minimum external costs of the carbon emissions scenario, with a contribution potential of 84.56-91.61%. Under the unconstrained scenario, the predicted carbon intensity is 52.98% lower than that in 2005, with a potential contribution of 81.51-88.31%. Under the policy-constrained scenario, the predicted carbon intensity is 54.61% lower than that in 2005, with a contribution potential of 84.01-91.01%. (4) To achieve the carbon intensity targets, it is necessary to further develop clean energy and promote a change in the energy consumption structure from mainly coal in order to classify the consumption of coal, oil, natural gas, and clean energy.
Policy Suggestions
Based on the above conclusions, we propose the following policy suggestions:
(1) Control the primary energy consumption and reduce coal consumption.
According to the forecasting results of our study, China's primary energy consumption will continue to grow over the next 14 years. To achieve the carbon intensity targets in 2020 and 2030, controlling total energy consumption is a key measure. First, an overall national total primary energy consumption plan should be made, and the energy consumption targets should be assigned to each province according to equity principles and regional development strategies by taking full account of the economic development level and the industrial structure of each province. Second, the local government assessment systems should be improved, and the government and enterprises should be supervised to accomplish the established targets of energy conservation and emission reduction.
In addition, the forecasting results show that coal consumption will account for more than 45% of total energy consumption in 2030, which is still higher than the world average (30%). The excessive proportion of coal has put increasing pressure on the environment and contributed to climate change. To adjust the energy structure, total coal consumption should be controlled in key areas, such as the Pearl River Delta, Yangtze River Delta, and Beijing-Tianjin region, by gradually phasing out or upgrading coal-fired power stations, strictly limiting the growth of new heavy industries based on coal consumption, and promoting industrial equipment and technologies.
(2) Increase oil and natural gas consumption and develop renewable energy.
The proportion of oil and natural gas is relatively low in China's energy consumption structure. China has abundant oil resources, and given the monopoly of China's oil market and the pressure of large-scale oil imports to energy supply security, it is necessary to fully utilize the oil resources to meet basic demands. Meanwhile, the development of the natural gas industry must be accelerated, including the excavation of natural gas resources, introducing advanced technology and equipment, speeding up the construction of domestic natural gas pipelines, and strengthening the cooperation with neighboring countries regarding natural gas resources.
Based on the forecasting results of the energy consumption structure, it is clear that China's energy consumption is overly dependent on fossil fuels, which is not sustainable. Vigorously developing new types of clean energies, such as hydropower, wind, solar, and nuclear, is necessary in order to achieve a low-carbon economy. First, policy and financial support for renewable energies should be strengthened. Second, advanced foreign technologies should be introduced to the clean energy industry, and they should help clean energy enterprises to improve their technological level. Meanwhile, increasing the investment in Research and Development (R&D) in new energy fields is also significant to reduce the costs of renewable energy. Given the conclusions of this study, energy structure optimization cannot fully achieve China's carbon intensity target by 2030. Thus, it is important to improve the energy efficiency and to develop corresponding technology. First, energy waste should be reduced, and the efficiency of energy deployment should be increased by further improving the reform of the energy price mechanism and linking domestic energy prices with international energy prices. Second, it is also important to learn from the advanced experience in emission reduction in developed countries, and to establish a sound legal system to supervise enterprises to reduce energy consumption and improve the efficiency of energy use. Third, the unified carbon trading market should be developed, and carbon taxes levied, in order to accelerate the green transformation of energy-intensive enterprises.
To develop carbon emissions reduction technology, financial support should be given to adopt environment-protecting technologies, and to formulate a sound low-carbon transition development evaluation system. Meanwhile, carbon capture, utilization, and storage (CCUS) is an important strategic choice for carbon reduction in China. Special funds and compensation mechanisms should be established for CCUS as soon as possible.
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Raupach et al. [12] Compared with other models, the TNGM (1, 2) has the smallest predicted error, and the prediction results can be obtained from this model. Du et al. [21] 2006-2010
The estimation of the CO 2 emission efficiency and the potential emission reduction
Nonparametric metafrontier model
The potential CO 2 emission reduction is 1687 million tons, and over half of the potential emission reduction is caused by the technology gap.
Stern et al. [27] 2005-2020 Examine the carbon intensity targets of China and India in 2020
Stochastic frontier model China is likely to need to adopt ambitious carbon mitigation policies in order to achieve its target; India's target is less ambitious.
Yi et al. [28] 2005-2020
Analyze the determining factors and diverse scenarios of CO 2 emissions intensity reduction Extended Kaya model and scenario analysis
The carbon intensity target for 2020 is very likely to be achieved in China.
Xiao et al. [29] 2005-2020 Examine the carbon intensity targets of China in 2020 System dynamics model The Chinese government can accomplish the target under carbon tax policy scenario and integrated policy scenario.
Yuan et al. [30] 2005-2020 Investigate clean energy targets Scenario analysis A 17% clean energy target can achieve the carbon intensity target of 2020 and exceed the IEA 450 ppm scenario. Zhang et al. [34] 1993-2035
Determine whether and how the carbon intensity targets will be realized from a sector-specific perspective Dynamic Monte Carlo simulation and scenario analysis It is very possible for the industrial sector to achieve the 2020 and 2030 intensity-reduction targets.
Appendix C
Under the unconstrained scenario, the average transfer probability matrix P is: 
